Abstract-The rapid development of energy storage technologies is motivating researchers to understand the possible value of energy storage. This paper evaluates the multiservice dispatch of distribution-sited energy storage systems with realistic degradation models by integrating a multiservice optimization model with a distribution system simulator. This work attempts to define the theoretical value energy storage can bring when multiple value streams are considered in the modeling environment. Use cases presented in this paper deliver multiple services to both distribution and transmission stakeholders that can provide positive net value to the electricity system under prevailing energy storage cost structures. This work was performed in collaboration with a distribution utility to help utility personnel understand the value distributed energy storage can provide by examining different utility use cases without considering implementation costs.
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I. INTRODUCTION

B
ATTERY energy storage is expected to be an important component of a resilient, reliable, low-carbon, costeffective electricity future. An energy storage system (ESS) has the potential to help integrate increased penetrations of renewable energy onto electricity grids, accelerate the adoption of other distributed energy resources (DERs), and provide grid support at both the transmission and distribution level. Utilities, regulators, and private industry have begun exploring how energy storage can provide value to the U.S. electric grid at scale. This paper evaluates several energy storage use cases to help utilities understand the value batteries can bring when stacked with multiple services. A tool is also developed to strategically dispatch a lithium-ion-based energy storage system. This research was motivated by San Diego Gas and Electric's initiative to comply with the California Public Utilities Commission's requirement to sign up 165 MW of cost-effective grid storage by year 2020. This initiative is part of the first procurement round for the state's 1.3-GW mandate for storage by 2021 [1] .
Many approaches to optimal dispatch of ESS into distribution grids involve optimal power flow (OPF) analysis [2] , [3] , [4] . OPF problems are deemed challenging because they require solving nonconvex problems. Nonconvexity stems from the nonlinear relationship between voltages and the complex powers demanded or injected at the nodes. In distribution systems the convergence is challenged by the high resistance-to-reactance ratio of distribution lines. Alternative approaches include sequential quadratic optimization, steepest descent-based methods [5] , fuzzy dynamic programming [6] , particle swarm optimization, and relaxed semidefinite programming (SDP). Based on the review of literature and to practically solve the problems associated with ESS dispatch for optimal utilization of ESS, this paper proposes a novel approach for stacking ESS dispatch with local distribution feeder support and energy market participation by coupling a quasi-static time series power flow model with a mixed integer linear program (MILP) formulation of the ESS system. This also alleviates the emerging complexities from nonconvex OPF.
Additionally, this analysis adds to the extant literature by incorporating a cycling-based degradation model of the lithiumion ESS into the MILP formulation. The ESS literature on lithium-ion chemistries provides theoretical models that outline a variety of different degradation mechanisms. These include calendar life [7] , cycling degradation including electrode stress and fracture (including temperature impacts) [8] - [10] , as well as coupling of calendar and cycling mechanisms [11] . Many of these complex, physics based models are supplement by semiempirical models based on cell testing under various conditions. This literature has shown that while calendar life is often a limiting factor due to electrolyte growth, cycling (based on depthof-discharge) can play an important role in capacity degradation in lithium-ion chemistries [8] . Due to the anticipated uses of the ESS in this application it was of interest to capture and quantify the cycling based degradation. A novel approach to degradation due to cycling to low states of charge implemented in the MILP model for this analysis. This is degradation modeling approach is compared to a rainflow algorithm [12] , [13] implementation that assesses degradation by post-processing the dispatch to count cycles and depth of discharge of those cycles. This approach adds state of charge binning approach to existing work on ESS degradation in MILP [14] .
Holistically, this paper presents a tool development approach to help guide decision-making on ESS dispatch. Several use cases for the multiservice dispatch of ESS are presented to test the applicability of the tool. The modeling results-although contingent upon the choice of the independent system operator and available revenue streams-illustrate how ESS that deliver a stack of services to both customers and other electricity system stakeholders can provide value to the ESS operator under prevailing energy storage cost structures without considering implementation costs.
II. ESS GRID SERVICES
During the past decade, many studies have been conducted on different potential values and services that energy storage can provide to the electric grid. The number of services storage can provide and the definitions of those services vary across reports. A literature review of several services from multiple reports [15] , [16] was used to define a set of 11 fundamental services that energy storage can provide to transmission, distribution, and behind-the-meter locations. These services are shown in Fig. 1 . Prior research has evaluated the potential value from market participation (including energy arbitrage, frequency regulation, and spinning/non-spinning reserves markets). The value from these services was estimated using a mathematical optimization approach to dispatch the ESS in the energy markets; however, this analysis does not consider battery degradation or address stacking of market participation with grid support services. This paper addresses a subset of five services (shown in Fig. 2 . in acoordance with the time scales of operation) to quantify the benefits that ESS provides. Some of these services provide distribution voltage support, photovoltaics (PV) smoothing (PVS) and volt-watt (V-W) operate in fast timescales. They are called on every few minutes and last for short durations. Other services like peak shaving (PS), energy arbitrage based on locational marginal pricing (LMP) and ancillary services (AS)-operate in slower timescales and energy storage capacity is reserved for these to operate once or twice per day but last for a few hours. These fast and slow services can be seamlessly combined (or stacked) either by ESS capacity sharing or time of operation sharing to provide stacked services. Distribution-level services (V-W, PVS, and PS) operate based on local distribution feeder events, whereas market services (LMP and AS) operate based on price signals from the wholesale electricity market. In this study, multiple services are stacked hierarchically to increase the benefits from ESS. In all cases, distribution-level services take priority over the market services, as needed by the distribution utility.
To assess the value associated with ESS dispatch across the different modes described, a mathematical optimization approach is used where, a market participation model is formulated as a MILP. This market participation model observes the capacity requirements (both inverter and energy capacity) first for grid support services, and then it dispatches the remaining capacity into the ancillary services and wholesale energy markets to maximize revenue to the battery operator. To accurately model the net value of market participation, both revenue streams and the costs associated with ESS degradation from market participation are incorporated into the optimization framework.
The energy markets-including LMP and AS (regulation-up and regulation-down)-are considered. The MILP is used to decide the following considering ESS degradation to accurately capture economic benefits developed:
r Level of ESS participation in the LMP market at every pricing period r ESS capacity allocation to the selected AS markets
In the tool the ESS first derived requirements for the distribution-level services (that operate in faster timescales) in a distribution power flow model (using OpenDSS power system simulation software). The market participation model received output from the OpenDSS model and determined the ESS capacity (energy and power) required by the distribution level services at each time step. This capacity was removed from the market participation model optimization, effectively reserving that capacity to ensure that the dispatch for the distribution-level services was respected during market participation. Typically, the simulation model was run at a finer time resolution than the market participation model (Power flow simulation run at 1 minute and market simulation run at 15 minutes, or power flow simulation at 15 minutes and market at 1 hour). Therefore, the market model would reserve the maximum required capacity determined by the OpenDSS model within each time step.
Section III describes the detailed implementation of different distribution-level services and their interactions with local inverter control algorithms.
The V-W, PVS, and peak shaving distribution-level services are considered to assess the stacked benefits from ESS. These are implemented through advanced inverter functions that involve determining the local inverter dispatch (active/reactive power) based on the local distribution feeder events.
V-W control regulates the voltage at the point of common coupling (PCC). It is based on active power and provides a simple way for inverters to help regulate local voltage based on the sensed PCC voltage. If the sensed PCC voltage is too high, active power is absorbed to help reduce the voltage. If the voltage is too low, active power is injected to help boost voltage. This control mode is an automated process that requires the user to specify a curve. The implementation of V-W is based on standard smart inverter function operating modes existing in OpenDSS software [17] .
A PVS algorithm is designed to reduce the variability of PV power output by using an ESS. The purpose of the algorithm is to add ESS power to the PV output (or subtract ESS power from the PV output) to smooth the high-frequency components of the PV power that occur during periods with transient cloud shadows on the PV array [18] . Fig. 3 presents the outline of the algorithm. The smoothed reference signal that the control system is trying to track is a time moving average of the PV power forecast. The moving average function uses the length of the time window T in seconds. The purpose of the control algorithm is to balance the tasks of tracking the reference state of charge (SOC) value with the desired smoothing function. The SOC tracking error (difference between actual SOC and reference SOC) is multiplied by a proportional gain, k, to produce the SOC tracking signal. The gain represents how aggressively the ESS is returned to the reference SOC.
For Peak Shaving, an active power-based trigger is employed to dispatch ESS. The Peak Shaving algorithm is invoked when the power at the measurement location exceeds a specified threshold. The threshold is tuned using simulations to have a net zero effect on the SOC. Through this approach, curtailing power during peak hours using a pre-charged ESS helps reduce distribution system losses and provides other economic benefits.
III. DESCRIPTION OF ESS MODEL
The general ESS model is a reservoir-based model wherein energy charged during one time step might be discharged in future time steps, with relevant inverter/rectifier/ESS efficiencies applied and minimum/maximum states of charge observed. The mathematical description of the energy storage model can be found in [19] . Constraints around participation in the LMP and AS markets are similar to those described in [20] .
As noted in the introduction, a number of different ESS degradation models are discussed in the literature, including lifetime, throughput, and cycling. At the partner utility's request, we evaluated a cycle-based degradation model-appropriate for the lithium-ion ESS under consideration-to capture impacts of both the frequency of ESS cycles and ESS depth of discharge. This degradation model aligns well with the type of ESS use in market participation in the LMP and AS markets (expected high-cycle frequency accompanied by significant depth of discharge for LMP markets).
The following sections describe the ESS model implementation with a specific focus on the degradation modeling and ancillary service market modeling.
A. Implementation of Degradation Into MILP
We implemented a cycling-based degradation model that is based on depth of discharge. The capacity degradation impact for a given depth of discharge (DOD) is shown in Table I and was provided by the partner utility based on their ongoing discussions with battery manufacturers regarding expected lifetime of the proposed ESS systems.
The relationship between depth of discharge and capacity degration, from Table I , were used to derive the analytical equation that is a quadratic relationship between degradation and depth of discharge, as given in Eq. (1):
where C is the capacity degradation per cycle. The quadratic nature of the relationship presents a challenge for implementation into the MILP formulation that was used for the general ESS dispatch model (because of the nonlinear nature of impacts). To maintain compatibility with the larger model, the cycling degradation function is addressed via a mixed-integer approach. The SOC of the battery is subdivided into m segments, and a binary variable indexed by time step and segment is included in the model to capture whether the battery SOC is in a given segment at each time step. The transitions between segments can then be counted in the model, enabling counting cycles and the depth of discharge that each cycle attains. Indices, sets, and decision variables (nonnegative and binary) are defined below. This is followed with definitions of the relevant constraints and the objective function.
The following indices and sets are used in the degradation model: To accurately capture the degradation associated with the cycles, two components are required: an inter-segment degradation and an intra-segment degradation. For inter-segment, degradation is applied to each transition from one SOC segment to the segment below it. These transitions are defined by the constraints as in Eq. (2)-(6).
Eq. (2), (3), and (4) 
The inter-segment degradation described by constraints in Eq. (2)-(7) covers ESS wear associated with cycles larger than the size of the segments implemented in the model. To capture the wear associated with cycles smaller than the SOC segment size, cycles are counted inside each segment and assigned the wear associated with a DOD cycle the size of the bin as shown in Eq. (8)- (9) .
The constraints shown in Eq. (8) counts each transition from charging to discharging (or no ESS activity) by forcing C s h to be greater than the difference between the state (1 for charging, 0 otherwise) in the previous time step and that of the current time step. Tracking the end of charging cycle effectively counts each cycle transition. The constraint shown in Eq. (9) forcesĈ s to be greater than the sum of those cycles over all time steps in the model. The above constraints capture all transitions between SOC segments (inter-segment cycles) and intra-segment cycles. It is important to capture both types of cycles because if only larger transitions to lower SOC states are captured (intersegment), then cycling within a segment is not penalized and the model would not capture any cycles smaller than the segment SOC range. Both inter-segment and intra-segment cycles are shown in Fig. 4 . Fig. 4 . Example dispatch to demonstrate inter-and intra-segment degradation mechanisms as outlined in constraints above (dashed lines indicate segment boundaries for a simple 3-segment model).
The appropriate degradation is then applied to the cycles and costed in the model so that the model can effectively weigh the value of LMP or AS participation against the ESS degradation incurred. BecauseĈ would be the delta between the rows in Table I , minus 1.25E-07 (the degradation for intra-segment cycles).
The objective function is shown below. This formulation focuses on the portion that monetizes degradation, (subject to the previously defined constraints); all revenue from market participation is captured in the variable Z as shown in Eq. (10) .
This assumes that the battery will be replaced when the total degradation equals r, and therefore the degradation incurred can be costed as a portion of that total future replacement cost (which is brought into the present value and multiplied by system size;
The granularity of the degradation model can always be increased by increasing the number of SOC segments that are modeled. This increased granularity comes at a cost in computational complexity. Also, note that this model encourages the ESS to stay at a high or low SOC depending on how the d l m parameter is constructed. When the incremental degradation is less for transitions from full SOC to a lower segment, this encourages staying at high SOC states.
B. Validation via Rain Flow Algorithm
In material science, weakening and eventual fracture of materials because of repeated stress cycles is called fatigue. The number of cycles that cause fatigue failure depends on the material's properties and the level of stress encountered in each cycle.
As described in Section III-A, ESS life is predicted in this analysis using a model that assumes ESS degradation is proportional to the number of cycles and depth of ESS discharge. Cycling degradation of batteries as a function of DOD is analogous to material fatigue wherein greater damage is accumulated for each cycle as stress levels increase. This has led to the adoption of material science fatigue analysis methods for battery degradation analyses [21] , [22] . Table I defines the relationship between degradation of ESS capacity and a single cycle (at a given depth of discharge), but it does not define how to actually count the cycles that occur with irregular charge-discharge events in time-series data. For this analysis, the rain-flow counting procedure developed by material scientists and engineers is implemented as a check against the MILP formulation to count irregular SOC cycles, bin them into DOD levels, and calculate the resultant accumulated damage on the battery from the model's optimal dispatch. The rain-flow method described in [12] and [13] is used to verify the cycle counting in the MILP, and the difference in cycles counted by the two methods was 0.4% for the annual market participation results.
C. Modeling Ancillary Services Markets
The LMP market was modeled as a straightforward price signal and the ESS purchases power at the LMP price to charge or is compensated at the LMP price to discharge for that time step.
The AS market in the model included both the regulation-up and regulation-down markets (wherein energy is provided to the grid in the regulation-up market, and it is absorbed from the grid in the regulation-down market). The ESS is able to participate in these market at whatever unallocated inverter capacity is available in that time step. The ESS must also have sufficient energy stored in the ESS (in the case of regulation-up) or available capacity (in the case of regulation-down) to be able to provide the regulation services.
Although it is understood that the actual control signal for the regulation services occurs on a 4-second interval, that level of granularity was not modeled (the markets model was run at 15-minute or 1-hour time steps). To account for the actual energy that was provided/absorbed during a bid into the AS markets, we assigned a probability that the services were called on during that block of time. This accounted for the fact that the full amount of the bid was either not called on or that the bid was not called on at all. In this analysis, we used a 13% probability of AS services being called on. For example, if the ESS bid 1 MW into 1 hour in the regulation-up market, the model would assume that the ESS provided 130 kWh of energy to the grid during that hour (but the full 1 MW of inverter capacity was reserved for the hour).
The data for the LMP and AS markets were pulled from the California Independent System Operator OASIS database via the OASIS application programming interface [23] . All data were for the 2014 calendar year. For the analysis presented here, we used the day-ahead market hourly pricing data. The day-ahead price data were assumed to be the best representation of the market in which the ESS would be able to participate. It was assumed that ESS bids into the regulation-up and regulation-down markets would be accepted in each time step.
The day-ahead LMP prices for the identified node averaged $0.0443/kWh and had a standard deviation of $0.0133/kWh. The LMP pricing reached its maximum at $0.27/kWh, and the large majority of the prices are below the $0.05/kWh mark. The regulation up market averaged $0.003/kW with a max of $0.062/kW. The regulation down market averaged $0.0014/kW with a max of $0.037/kW.
IV. USE CASES
The analysis was performed on a real-world distribution feeder with 3,000 nodes, 2 MW of PV generation, and 1 MW/3 MWh of lithium-ion ESS. The test distribution feeder was modeled in OpenDSS. Fig. 5 shows a geographical view of the feeder. The physical locations of the commercial (more than 30 kW) three-phase PV generators, capacitor banks, and ESS are highlighted.
Five use cases-combinations of services from Fig. 2 -are presented here. The first three deal with ESS capacity sharing for market participation and distribution services. They are: (a) Basline analysis for LMP and AS markets only, (b) PVS with LMP and AS participation, and (c) a simplified LMP and AS market valuation approach that was developed for real-time application. In addition to the markets oriented use cases, two uses cases were demonstrated that featured stacking of distribution services: (d) PVS and PS, and (e) V-W and PS
A. Baseline: Markets Participation Only
For this use case the entire ESS capacity is available for market participation (zero capacity is allocated to distribution level services). The full year of market participation for this case provided $10,850 in value to the ESS operator. This is approximately 37% of the value that was captured prior to the inclusion of ESS degradation in the model. This reduction in revenue is caused by a combination of (1) the cost of the degradation associated with cycles, and (2) the ESS not pursuing certain energy arbitrage opportunities because the costs of degradation outweigh the arbitrage benefits. Fig. 6 shows the optimal ESS operation (as determined by the model) during a 1-day period as well as the LMP and AS pricing data for that day. We show both the optimal dispatch without degradation modeling and the final dispatch with degradation included. When degradation is accounted for, the ESS does not cycle out of the SOC segment from which it began the day. (Ten segments were modeled to capture all degradations shown in Table II .) It does incur the intra-segment wear cost, charging at the lowest LMP price in the morning and discharging at the peak pricing in the afternoon. The ESS still participates in the regulation-up market (when sufficient value exists) because those small cycles were not costed in the degradation model.
The market participation model was tested across a number of cases to evaluate computational and economic impacts of the degradation model. hese results are summarized in Table II . Optimizations were run both with and without consideration of inter-and intra-band degradation, and also at different time scales. Run time will vary depending on hardware as the MILP can parallelize effectively once in branch and bound, results presented are for a standard laptop (4 core, 8GB memory). We note that the single day results were for a randomly selected day and are not representative of average potential value.
B. PVS and Market Participation
This use case demonstrates the results of combining PV smoothing feeder support with the market participation model. For this use case, a full year of 15-minute dispatch for PVS from OpenDSS was used. For each 1-hour block of time, the maximum of the OpenDSS dispatch for the 4 intra-hour time steps was reserved. The PV smoothing algorithm approximates a zero sum for the ESS energy capacity, wherein approximately the same amount of charge as discharge occurs in each hour. Therefore, there was no allocation of energy capacity, only inverter capacity.
Because of the fast-acting nature of the PV smoothing algorithm, the full year of operation was not evaluated for the combined PV smoothing and market participation analysis. Instead, we evaluated the day of the year that had the maximum variability from PV generation. This day was simulated at a 1-minute resolution in OpenDSS, and then the dispatch for PVS was passed to the markets model.
The markets model was then run for the single day at a 15-minute time step with 10 SOC segments in the ESS degradation model. The day with the maximum PV variability also had a significant number of regulation-down events during the day. This resulted in a slightly different type of ESS dispatch for this 24-hour period than the markets-only dispatch. This is shown in Fig. 7 . The market model was optimizing participation in the regulation-down events while still dispatching for some peak LMP time steps. The PV smoothing allocation is shown in the black trace in the lower panel of Fig. 7 , and its interaction with the market participation can be seen most clearly in the simultaneous reduction in the amount of regulation-down participation (red trace). There is a reduction in regulation-down participation (from the full 1 MW of inverter capacity) from approximately 1 PM-3 PM because of the allocated inverter capacity for PV smoothing. Also, note that no charging is required during this day because of the increased SOC from regulation-down participation.
The net profit achieved on this day was $72. Compared to $75 for the case without PV smoothing, this demonstrates limited reduction in value because of the PV smoothing action.
C. Simplified Value Assessment
Because of the complexity associated with practical implementation of the optimization model, we developed a simplified value assessment algorithm to covert some of the logic from the full optimization model described in this paper into an This simplified value assessment algorithm is run one day at a time. It takes in the next day's LMP and AS market information, makes a decision on which market to participate in (for the entire day), and then calculates the net value associated with that participation.
This algorithm has some key assumptions that enable a simplified approach: (1) single-day evaluation-no inter-day storage, (2) participation in either LMP or AS markets for the entire day, and (3) single cycle per day-does not consider multiple cycles. These assumptions are generally supported by the evaluation of results from the MILP market modeling, yet the algorithm will certainly not capture all of the market potential because of these simplifications.
The algorithm evaluates whether to participate in the LMP market by using a lookup table approach derived from the outputs of the MILP market model to maximize the profit. The two variables associated with the lookup table are the delta in the LMP for that day and the degradation associated with various depth-of-discharge cycles. This is shown in Table III. The algorithm calculates the delta between the average of the three highest LMP values and the average of the three lowest LMP values (because it takes 3 hours to do a full ESS charge or discharge). This value is used to index the lookup table and select the depth-of-discharge based on maximizing net revenue (shown in bold). The value from LMP market is compared with the AS market value (assuming bids are accepted a day-ahead pricing), and then elects which market to participate in for the entire day. If LMP participation is selected, then the battery is discharged the selected amount during the three hours with highest LMP pricing.
In the case where there are feeder support functions that limit the amount of inverter capacity available to the market participation, either the number of hours during which the delta LMP is calculated grows (due to less available inverter capacity), or the lookup table is truncated such that high depth of discharge cells are not available to the ESS for that day (due to less available battery capacity for market participation).
This algorithm was used to calculate the potential value for the ESS under a market participation-only scenario. The average value the algorithm calculated was approximately $40/day, which compares relatively well with the $80-$30/day values calculated by the MILP markets model. 
D. PVS and Peak Shaving
This use case demonstrates how the PV smoothing and peak shaving distribution-level services can be stacked. Peak shaving is performed first and storage capacity is only used for performing PV smoothing when peak shaving is not done in the same time step. Fig. 8 shows the charge/discharge active powers and SOC for the 82nd day of the year with PV smoothing and peak shaving stacked. Typically peak shaving occurs during the peak load conditions around 5 PM, whereas PV smoothing is required when PV generation is at its maximum earlier in the day. This enables the stacking of PV smoothing and peak shaving. Lack of market participation in this use case made it difficult to capture changes in revenue due to this stacking use case, yet functionality was demonstrated for the combination of distribution services.
E. Volt-Watt and Peak Shaving
In this use case, V-W is stacked with peak shaving. The charge/discharge of active power and ESS SOC are shown in Fig. 9 . The V-W service uses part of the capacity for dispatching active power for voltage control, and remaining capacity is used to reduce peak load. Stacking functionalities provides a way to maximize the use of ESS.
V. CONCLUSIONS
This paper presented a unique tool development method to perform multi-service dispatch of energy storage systems by integrating an optimization model with a distribution system simulator. This tool approch helps utilities understand the value ESS can bring when they are used in a way that stacks multiple services. Use cases were presented in the paper that deliver a stack of services to both distribution stakeholders and the battery operator (in this case, these were the same because the utility was operating the battery) under existing energystorage cost structures. This work involved collaboration with distribution utilities to help determine values that distributed ESS can provide and how they support typical utility use cases.
The analysis discussed in the market participation section use case presents results based on an MILP implementation with a cycle-based ESS degradation model. This model is integrated with the distribution feeder model by reserving ESS capacity for distribution-level services and dispatching the remaining capacity for optimal (degradation-conscious) market participation. The market participation opportunity-after grid support services were delivered-was shown to yield approximately $80-$30/day (net of ESS degradation costs).
Although additional cases would be required to draw general conclusions on the interaction between all use cases, we demonstrated the tool's capability to reserve inverter capacity first for distribution-level support services and then engage in market participation with the remaining ESS capacity.
Future work will include monetizing grid support services for the distribution system and incorporating all revenue streams into the MILP for coordinated optimization of the various services.
